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Abstract 
Several studies have shown that satellite retrievals of solar-induced chlorophyll fluorescence 
(SIF) provide useful information on terrestrial photosynthesis or gross primary production (GPP). 
Here, we have incorporated equations coupling SIF to photosynthesis in a land surface model, the 
National Center for Atmospheric Research Community Land Model version 4 (NCAR CLM4) 
and have demonstrated its use as a diagnostic tool for evaluating the calculation of 
photosynthesis, a key process in a land surface model that strongly influences the carbon, water, 
and energy cycles.  By comparing forward simulations of SIF, essentially as a byproduct of 
photosynthesis, in CLM4 with observations of actual SIF, it is possible to check whether the 
model is accurately representing photosynthesis and the processes coupled to it. We provide some 
background on how SIF is coupled to photosynthesis, describe how SIF was incorporated into 
CLM4, and demonstrate that our simulated relationship between SIF and GPP values are 
reasonable when compared with satellite (Greenhouse gases Observing SATellite; GOSAT) and 
in situ flux-tower measurements. CLM4 overestimates SIF in tropical forests, and we show that 
this error can be corrected by adjusting the maximum carboxylation rate (Vmax) specified for 
tropical forests in CLM4.  Our study confirms that SIF has the potential to improve 
photosynthesis simulation and thereby can play a critical role in improving land surface and 
carbon cycle models.   
 
Introduction 
 
Plant photosynthesis is essential for life on Earth. Not only does photosynthesis provide food and 
oxygen for most living organisms, but it indirectly influences global hydrological cycles by 
controlling transpiration, the process in which soil water is drawn through the leaves to the 
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atmosphere. Land surface models have long included equations for photosynthesis because a 
large part of latent heat release is accomplished by transpiration while plants photosynthesize 
[Sellers et al., 1995].  Most advanced land-surface models today calculate terrestrial carbon 
uptake and transpiration based on the amount of calculated photosynthesis. The water exchange 
between the land surface and atmosphere during transpiration is an important determinant of 
precipitation [e.g., Koster et al, 2000, Lee and Boyce, 2010, Lee et al., 2013]. Accurate 
calculation of photosynthesis is, therefore, crucial for the simulation of energy, water, and carbon 
balance for the land surface. 
 
Many uncertainties arise when estimating terrestrial carbon uptake and thus make the projection 
of future CO2
 
concentration unreliable [Friedlingstein et al., 2006]. For example, the response of 
tropical forests significantly contributes to the variation in carbon uptake of terrestrial ecosystems 
[Friedlingstein et al., 2006], but even the observed response of tropical forests during the dry 
season or drought events has been a source of a debate [e.g. Saleska et al., 2007; Samanta et al., 
2010] because traditional greenness indices measure potential, and not actual photosynthesis. As 
expected from difficulties in observing productivity over tropics, model projections of 
productivity in tropical forests are also uncertain. One coupled carbon-climate model even 
predicts that Amazonian forests may collapse as a result of increasing temperature and decreasing 
precipitation in a world with high CO2 concentrations [Cox et al., 2000]. Increasing atmospheric 
CO2, however, may partly counteract such predictions, as reported in a recent study suggesting 
that the degree of forest loss is strongly dependent on forest response to CO2
 
fertilization, which 
may slow or even prevent a widespread forest dieback [Huntingford et al., 2013]. Understanding 
how plant productivity responds to environmental conditions is crucial for predicting the response 
of carbon uptake by plants and for predicting the ensuing climate change, yet quantifying 
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terrestrial productivity is challenging beyond the scale of a single leaf or a plant [Asner and 
Alencar, 2011]. Thus, a new approach of estimating photosynthesis is necessary.    
 
A portion of the solar energy (1~2%) captured by chlorophyll is re-emitted as fluorescence. This 
provides a distinct "glow" from plants at wavelengths between 650 and about 800 nm with two 
peak emissions at 685 and 740nm that are quite specific for the presence of green plants 
[Lichtenthaler and Rinderle, 1988]. When plants experience stress and non-photochemical 
quenching (NPQ) increases, both photosynthesis and fluorescence generally decrease (more 
details in section 3), and thus, fluorescence can be used as a probe to the photosynthesis process. 
Leaf-scale studies show that physiological effects of drought lead to a decrease of the light-use-
efficiency (LUE) for photosynthesis and are associated with a decrease in fluorescence yield 
[Flexas et al., 2002, Amoros-Lopez et al., 2008]. Measurements of sun-induced fluorescence 
(SIF) of a sorghum canopy that experienced an episode of drought demonstrate that fluorescence 
declines with water stress whereas NDVI (and presumably light interception) remains constant 
[Daumard et al., 2010]. Satellite measurements of SIF from the Japan Aerospace Exploration 
Agency Greenhouse gases Observing SATellite (JAXA GOSAT) have shown a clear link with 
plant productivity [e.g., Frankenberg et al., 2011a and b; Joiner et al., 2011]. The intensity of 
chlorophyll fluorescence measured by GOSAT and the Global Ozone Monitoring Experiment-2 
(GOME-2) satellite exhibit a strong linear correlation with estimates of GPP [Frankenberg et al., 
2011; Guanter et al, 2014]. Lee et al. (2013) demonstrate that GOSAT SIF measurements over 
tropical forests show clear water stress signals in the midday that are not well-represented in 
traditional reflectance-based indices such as NDVI or EVI. 
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Here we have incorporated SIF into a land-surface model, the National Center for Atmospheric 
Research Community Land Model version 4 (NCAR CLM4), to improve our understanding of 
GPP modeling and to suggest improvements for GPP formulations within the NCAR CLM4. By 
comparing forward simulations of SIF, essentially as a product of photosynthesis, in CLM4 with 
observations of actual SIF it is possible to check whether the model is accurately representing 
photosynthesis and the processes coupled to it. We begin by introducing the models and data that 
we used, and then we explain how we incorporated SIF using existing theory and data (section 2). 
In section 3, we focus on the functional relationship between SIF and GPP by using the Soil 
Canopy Observation of Photochemistry and Energy fluxes (SCOPE) model, which has been used 
in fluorescence studies [van der Tol et al., 2009b, 2014; Lee et al., 2013] to examine how GPP 
and SIF respond to changing light intensity and imposed stress levels. In the results section for 
the NCAR CLM4 (section 4), we compare the CLM results with satellite and in situ observations 
from flux towers to demonstrate the feasibility of our model for studying SIF (and GPP). We 
summarize our findings in section 5.  
 
Material and Methods 
SCOPE model 
We use the SCOPE model to calculate the response of fluorescence to environmental changes and 
to convert leaf-level fluorescence to satellite-observed fluorescence because SCOPE incorporates 
explicit radiative transfer in the canopy. SCOPE [Van der Tol, 2009b] is a radiative-transfer 
model for optical and thermal radiation to which a Soil-Vegetation-Atmosphere-Transfer (SVAT) 
scheme was added for calculating canopy photosynthesis and energy balance fluxes. 
Photosynthesis is calculated using Collatz et al. (1991) and Collatz et al. (1992) for C3 and C4 
plants, respectively. The radiative transfer component of the model is based on the SAIL 
A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 
(Scattering of Arbitrarily Inclined Leaves) model of Verhoef (1984) in which the canopy is 
divided into layers of leaves characterized by leaf inclination distribution function. SAIL 
stochastically calculates direct radiation, upward and downward diffuse radiation, and radiation in 
the direction of the observer. The SAIL concept is applied to three sources of radiation in 
SCOPE: (1) to direct and diffuse ambient radiation, (2) to thermal radiation emitted by soil and 
leaves, and (3) to radiation emitted as fluorescence. For each leaf layer and leaf-inclination class, 
the net (absorbed) radiation is calculated.  
 
Fluorescence emission spectra at leaf level are calculated as a function of leaf properties with the 
model FLUSPECT [Verhoef, 2007]. The response of leaf fluorescence to weather conditions was 
originally calculated with Van der Tol et al. (2009a), but this model has been replaced by a 
simpler equation that has been calibrated to experimental data [van der Tol et al., 2014], 
explained in section 2.3. 
 
NCAR CLM4 
We use the NCAR CLM4 to study photosynthesis and fluorescence at an actual grid point at 
different times of the day or season. CLM 4 [Lawrence et al., 2011] is the land component of the 
Community Earth System Model (CESM), which has been widely used in climate science studies 
[e.g. Solomon et al., 2007]. The land component of the model simulates CO2, water, momentum, 
and energy exchanges between the land surface and atmosphere.  CO2 uptake (photosynthesis) 
and water loss (transpiration) by plants are determined as a diffusive flux between the stomata 
and the surrounding atmosphere. Soil water moves from the soil to the atmosphere following the 
prescribed root density in each soil layer. We used the prescribed monthly leaf-area index derived 
from satellite data. We ran CLM4 using precipitation, wind, temperature, specific humidity and 
A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 
radiation data obtained from the National Center for Environmental Prediction (NCEP), prepared 
by Qian et al. [2006]. The time-step of model integration is 30 minutes, and the model is run at 
2.5°x1.875° spatial resolution. 
 
We performed an additional run with a 64% lower tropical Vmax25 (maximum carboxylation, Vmax, 
at 25°C) following Kattge et al., (2009), who suggest that Vmax for tropical evergreen forests may 
be lower than the values used for NCAR CLM [Bonan et al., 2011]. We ran CLM4 with a Vmax25 
using Kattge et al. (2009)’s value just for tropical forests.  
 
Incorporation of fluorescence 
We added solar-induced fluorescence (SIF) to the existing structure of the photosynthesis module 
in CLM4, using the equations described in van der Tol et al. (2014). Fluorescence is 
parameterized on the basis of an empirical relationship between the relative light saturation of 
photosynthesis and NPQ in plants. This relationship was derived from measurements in a variety 
of plant species using pulse-amplified modulated (PAM) fluorescence along with leaf gas 
exchange measurements (van der Tol et al. 2014). The plants that were used range from cotton, 
tobacco and maize at different light, CO2, temperature and nitrogen fertilization. In addition, they 
used dataset from Flexas et al. (2002) to include the response of water stress in formulating the 
equations. Here we derive equations from van der Tol et al (2014) such that fluorescence may be 
estimated from gross photosynthesis, which is calculated in the existing photosynthesis module in 
CLM.  
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Photosynthesis (carbon assimilation or GPP), A, can be represented by a light-use efficiency 
(LUE) parameterization in the following equation:  
 
A = I ⋅ f ⋅φp ⋅ 1k    (1) 
 
where I is the incident photosynthetically active photon flux density (PPFD) or photosynthetically 
active radiation (PAR), f is the fractional absorption of the incoming light ( I ⋅ f is absorbed 
photosynthetically active radiation, APAR), φP  is the photochemical quantum yield—the 
efficiency of electron transport per photon absorbed by photosystems [Lambers et al., 1998]—and 
k is the number of electron equivalents required to reduce one molecule of CO2. Light-use-
efficiency of photosynthesis ( ) is defined as: 
 
ε p =
φp
k
    (2) 
 
As a first approximation the flux of emitted fluorescence, F can be expressed by an equation 
analogous to the expression for photosynthesis, 
 
F = I⋅ f ⋅ φF     (3) 
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where φF , fluorescence yield (number of photons that fluoresce per absorbed photon) is 
analogous to φP in Equation 1.
 
 
 
The energy absorbed by excited chlorophyll must be transferred to one of: photochemistry 
(photochemical quenching or P), non-photochemical quenching, i.e., heat (NPQ), or fluorescence 
(F). We then partitioned non-photochemical quenching as the sum of fractional heat loss in light-
adapted conditions (φN ) and in dark-adapted conditions (φD ). Thus,  
 
φP +φN +φD +φF =1    (4) 
 
Next we express the fractions in terms of corresponding rate coefficients, k: 
 
 
 
 
 
 
Genty et al. (1989) demonstrated that the quantum yield of electron transport can be estimated by 
measuring fluorescence at different light conditions: 
 
   (5) 
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φP =
φ
Fm′
−φF
φ
Fm′
      (6) 
 
Here, Fm′ is maximum fluorescence rate for a light-acclimated leaf when it is exposed to 
saturating irradiance. In this case, kP = 0. From equation (5) Fm′  can be written as: 
 
φ
Fm′
=
kF
kF + kD + kN
     (7) 
 
Using equations 6 and 7, we can write fluorescence yield as: 
φF = kFkF + kD + kN
⋅ (1−φp )
    (8) 
 Thus, fluorescence can be estimated if the rate constants and photochemical yield are known.   
 
The four rate coefficients can be linearly scaled with only the ratios of the probability coefficients 
influencing the results because all the values are scaled by the sum of them (Equation 5). 
Following van der Tol et al. (2014), we use kF = 0.05 and  kD = max(0.03T + 0.0773, 0.87) 
where T is temperature in °C. The main factor that influences φF  is kN . It varies with the balance 
of excitation and sink strength of quanta, as suggested by Duysens and Sweers (1963). Lee et al. 
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(2013) suggest an empirical formula for kN  as a function of the degree of light saturation 
x =1−φP φPo( ): 
  
kN = (6.2473 ⋅ x −0.5944) ⋅ x         (9) 
 
Most photosynthesis models, including the one in CLM4, permit calculation of electron transport 
rates. 
 
φP = φPo ⋅
Je
Jo
      (10) 
 
 where Je is the actual electron transport rate calculated from the CO2 exchange data (the 
carboxylase limited rate), and Jo is the maximum possible electron transport calculated 
from the absorbed PPFD and the dark-adapted rate constants. Stress decreases φP, and 
φP becomes ~0.4 under high light conditions [Weiss and Berry, 1987].  
In CLM, Jo is calculated as: 
 
Jo = I ⋅ f ⋅α
     (11) 
 
A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 
where α  is quantum efficiency at 25°C. Je can be calculated using the light-limited 
reaction formulation (Oleson et al., 2010), but using the actual photosynthesis rate as the 
following: 
 
Je =
A ci + 2Γ*
ci −Γ*
for C3 plants
A for C4 plants
­
®°
°¯
½
¾°
¿°
  (12)
 
 
where ci is the CO2 concentration within the intercellular air space and Γ*  is the CO2 
concentration at the compensation point. φP  is calculated using Equation 10, and 
fluorescence yield φF  can be calculated using Equation 8. 
 
Next, SIF (F) is calculated by multiplying φF
 
and APAR (Equation 3). APAR in CLM is 
calculated using a two-stream radiative transfer function. F is the total fluorescence 
emitted from leaves, and the unit for F here is (ȝmol/m2/s). 
 
A spectrometer measures fluorescence as a power per solid angle, unit area, and wavelength 
range (W/m2/sr/ȝm). To compare CLM SIF with the measurements from GOSAT, we would have 
to run a full canopy radiative transfer model just as SCOPE does. However, running a full 60-
layer canopy radiative transfer model is computationally too expensive.  Thus we use the SCOPE 
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model and calculate the conversion factor, and apply the factor to the CLM results. SIF at 755nm 
can be converted to F using the following equation:  
 
F755nm =
F
κ
    (13) 
 
Here, κ  accounts for the integration over all wavelengths in the fluorescence emission spectrum, 
observing angle and conversion from ȝmol/m2/s to W/ m2.  
 
To calculate κ , we ran the full SCOPE model including canopy radiative transfer and obtained 
F755nm  and APAR. Then we ran only the biochemistry module of SCOPE using APAR, 
calculated φF , and obtained F using Equation (3). We ran the model with varying leaf area index 
(LAI), leaf angle, and Vmax25. LAI or leaf angle did not influence the κ  values much (<5%). The 
variable that influences κ  most is Vmax25 (Figure 1). Chlorophyll concentration also influences 
κ , but as chlorophyll concentration is not a part of CLM4 parameterization, we use global 
average of 40 ȝg/cm2 (Féret et al., 2011). We calculated κ  from SCOPE and divided F from 
CLM4 with κ . Canopy radiative transfer for the SCOPE model was formulated for crops, and 
thus could be a source for mismatch compared with observations. 
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Data 
Flux tower and ground based SIF measurements 
For validation purposes, we compared our model results with three diurnal courses of in-situ 
measured canopy GPP, SIF and other environmental factors. Our data were acquired from the 
European Space Agency (ESA) funded CEFLES-2 campaign in September 2007 [Rascher et al., 
2009], near the village of Marmande, Southern France (44.45°N, 0.18°E). A FieldSpec Pro III 
high resolution spectroradiometer (Analytical Spectral Devices, Boulder, USA) (ASD 2002) was 
installed in the peak footprint of the eddy-covariance tower 30 m away. Canopy SIF was retrieved 
from these radiometric data using the 3FLD method (Maier et al. 2003), a modification of the 
Fraunhofer Line Discrimination (FLD) method introduced by Plascyk (1975). Details on the 
processing of the flux-tower data to yield GPP and SIF are described in Damm et al. (2010) and 
Rascher et al. (2009).  
 
Satellite based SIF measurements 
We used satellite-based SIF measurements, obtained from high-resolution spectra covering 
Fraunhofer lines (narrow absorption features in the solar spectrum) in the 755-772 nm range. 
Spectra were recorded by the TANSO Fourier Transform Spectrometer (FTS) onboard the 
GOSAT, launched on 23 January 2009. The retrieval method as well as data characterization and 
post-processing are described in detail in Frankenberg et al., (2010 and 2011). Each GOSAT 
retrieval samples a footprint area ~10 km in diameter. Averaging in time and space is needed, 
owing to single measurement statistical noise. Clear-sky condition for the GOSAT data is defined 
where the retrieved column oxygen concentration from oxygen A-band is 0.9 times of the 
expected oxygen concentration.   
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We used global monthly 2°×2° GOSAT SIF retrievals. 
 
Analysis 
GOSAT has a sun-synchronous orbit and samples around 1±0.5 PM local time. We used the data 
only under clear-sky conditions. From the model results, we defined midday values as average 
values between 12 PM to 2 PM and clear sky as when incoming solar energy is greater than 0.9 
times the maximum solar energy for the month.  
 
Results 
The relationship between SIF and GPP  
We incorporated the equations in section 2.3 into SCOPE and studied the response of simulated 
fluorescence and photosynthesis. Here, we only used the biochemistry part of SCOPE, which was 
implemented in CLM. For non-stressed leaves at low light level,φP is fairly constant at ~0.8 
[Bjorkman and Demmig, 1987], and decreases with increasing light intensity and stress level 
(Figure 2). At very low light, most of energy is used in photosynthesis, thus  and  values are 
small. As the light intensity or stress increases,  increase becomes dominant and both  and 
 decrease.   
 
Because GPP and SIF are both directly linked with PPFD, we expect GPP and SIF to have a 
positive relationship (Equations 1 and 3). We can then rearrange Equations 1 and 3 and obtain the 
following equation: 
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A = φPφF
⋅
1
k
F
     (14)
 
 
When φP  is lower than 0.6 (Figure 3), φP is linearly related to . This relationship occurs at 
APAR=550 ȝmolm-2s-1 for Vmax =80 ȝmolm-2s-1, and at lower incident radiation for lower Vmax 
(Figure 2). The relationship between and  can be approximated in the following equation 
(Figure 3): 
 
   φF = 0.016 ⋅φP + 0.0068  (15) 
 
The linear relationship arises because the increase of nonphotochemical quenching (NPQ) is 
accompanied by a decrease of both photochemistry and fluorescence [Flexas et al., 2002; 
Daumard et al., 2010; Galmés et al., 2007] as plants experience stress [e.g. due to lack of water or 
excessive light; Flexas et al., 2002]. Because  is linearly increasing with  under most 
conditions (at least when photosynthesis occurs), GPP and SIF should have a positive 
relationship. However, the relationship is not perfectly linear. Under high stress conditions, the 
increase of GPP is not as fast as the increase of SIF, and under low light conditions, the increase 
in SIF is not as fast as GPP. From this reasoning, we expect that the estimated GPP from 
assuming a linear relationship between GPP and SIF [e.g. Frankenberg et al, 2011b] will have 
higher values over stressed regions (e.g. savanna) than the actual GPP. 
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GPP and SIF from CLM4 simulations  
By comparing modeled fluorescence by CLM4 with available observations, we are able to 
demonstrate the capability of our model and to suggest improvements of the CLM4 GPP 
formulation. First, we compare our model results over a diurnal cycle with in-situ measurements 
of APAR, GPP, and fluorescence from a flux tower (Figure 4). The model captures the diurnal 
cycle of all variables reasonably well.  
 
Our global model results (5a and b) compare generally well with GOSAT measurements (Figure 
5c). The model captures the spatial variability in GOSAT SIF, but the values are too high over 
tropics (Figures 5a and c). Following Kattge et al. (2009), we performed another run with a 
lowered Vmax25 value (from 70 to 45) just for tropical forests. That adjustment made the simulated 
SIF values in tropical forest (5b) become much more similar to the GOSAT SIF values (Figure 
5c). 
 
As expected from Equations 1 and 3, SIF and GPP have a positive relationship (Figure 6a and b). 
The slope calculated from modeled values is equivalent to that derived from GOSAT values 
(Figure 6). The relationship is mostly driven by the tropical forests, which have the highest 
productivity, and the regions with close-to-0 productivity. Just as modeled SIF values are higher 
than GOSAT SIF values, modeled GPP values are higher than GPP estimates from Max-Planck-
Institute for Biogeochemistry (MPI-BGC; Beer et al., 2010). When Vmax values over the tropics 
are lowered using the value from Kattge et al. (2009), GPP values becomes similar to the MPI-
BGC values. Although we cannot rule out other causes for this discrepancy, which include the 
uncertainties in fluorescence parameterization, the negligence of explicit canopy radiative transfer 
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in CLM4, and using a single conversion factor from total fluorescence to 755 nm fluorescence, 
we suggest that Vmax may be too high in tropical forests. 
 
Discussion 
A common misconception is that fluorescence is the main mechanism for removing excess 
energy from the reaction center. In fact, fluorescence is an unavoidable, but small, leakage of 
energy during the light harvesting process in chlorophyll, with maximum fluorescence less than 
5% of absorbed photons even with artificially extreme light intensity [van der Tol et al., 2014].  
The main sink for the excess energy is NPQ, a process regulated by metabolic feedback 
mechanisms to minimize photoinhibition when the absorbed quantum flux is in excess of that 
needed by carbon reduction and other sinks. 
 
We have shown here that measured SIF values will be useful in constraining the photosynthesis 
equations in climate models. Parameterization of photosynthesis, such as using a reasonable Vmax 
value, is critical because it influences stomatal conductance, and eventually energy, water and 
carbon fluxes. We note that Vmax values also vary as a result of inadequate simulations of stress, 
but the whole validation is beyond the scope of this paper. We also note that the scaling from 
leaf-based measurements to GCM grid-scale include many uncertainties, including but not limited 
to the canopy radiative transfer and heterogeneity of the landscape. Our approach will be useful 
placeholder for successful scaling from leaf to ecosystem calculating GPP in land surface models. 
Validating stress factors and studying their influence for the atmospheric processes will be our 
next step. 
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Figure captions: 
Figure 1. The conversion factor κ from leaf-level fluorescence (ȝmolm-2s-1) to spectrometer-
observed fluorescence at 755nm (Wm-2sr-1ȝm-1) in Equation 13 at different Vmax25. Chlorophyll 
concentration of 40 ȝgcm-2 is used.  κ  accounts for  the integration for the whole fluorescence 
spectrum, observing angle and conversion from ȝmol/m2/s to W/m2. CLM uses Vmax25 from 40 to 
70.  
 
Figure 2. The fraction of light (yield) that is used for photochemistry (φP ), fluorescence (φF ) 
and non-photochemical quenching (NPQ; φD +φN ) (left column) and actual rates (yield 
multiplied by APAR; ȝmolm-2s-1; right column) with increasing APAR. The values are from 
SCOPE model simulations. Three lines represent different Vmax values (40, 60, 80 ȝmolm-2s-1). 
 
Figure 3. The relationship between photochemical yield (φP ) and SIF yield (φF ) (top panel) and 
the response of photochemical yield (blue) and SIF yield (red) as non-photochemical quenching 
(NPQ; φD +φN ) varies. The values are calculated from SCOPE, varying Vmax and light intensity. 
Note that the photochemical yield decreases almost linearly with increasing NPQ yield and that 
SIF yield is much smaller compared with other terms. This relation was derived from leaf-level 
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measurements [van der Tol et al., 2014] and the applicability of the whole canopy is not yet 
certain. 
Figure 4. Diurnal variations in APAR, assimilation (A or GPP), and SIF over the flux tower site 
in Marmande, Southern France (44.45°N, 0.18°E). Blue line represents the CLM4 result and red 
dots represent measured values over the flux tower.  
 
Figure 5. Global map of annual mean SIF (ȝWm-2ȝm-1) from (a) CLM control (b) CLM with 
lower tropical Vmax and (c) GOSAT. We used global 2°×2° GOSAT SIF retrievals and 
2.5°x1.875° CLM simulations. 
 
Figure 6. The relationship between annual mean SIF and GPP: (a) GOSAT SIF and MPI-BGC 
GPP, (b) CLM SIF and CLM GPP from the control case, and (c) CLM SIF and CLM GPP from 
the case with lower tropical Vmax. We used global 2°×2° GOSAT SIF retrievals and 2.5°x1.875° 
CLM simulations. The points in the plot cover annual mean and all vegetated land surface.  
 
A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 

A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 

A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 

A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 

A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 

A
cc
ep
te
d 
A
rt
ic
le
This article is protected by copyright. All rights reserved. 

